The Eddy Covariance method (EC) is widely used for measuring carbon (C) and energy fluxes at high frequency between the atmosphere and the ecosystem, but has some methodological limitations and a spatial restriction to an area, called a footprint. Remotely sensed information is usually used in combination with eddy covariance data in order to estimate C fluxes over larger areas. In fact, spectral vegetation indices derived from available satellite data can be combined with EC measurements to estimate C fluxes outside of the tower footprint. Following this approach, the present study aimed to model C fluxes for a karst grassland in Slovenia. Three types of model were considered: (1) a linear relationship between Net Ecosystem Exchange (NEE) or Gross Primary Production (GPP) and each vegetation index; (2) a linear relationship between GPP and the product of a vegetation index with PAR (Photosynthetically Active Radiation); and (3) a simplified LUE (Light Use-Efficiency) model assuming a constant LUE. We compared the performance of several vegetation indices derived from two remote platforms (Landsat and Proba-V) as predictors of NEE and GPP, based on three accuracy metrics, the coefficient of determination (R 2 ), the Root Mean Square Error (RMSE) and the Akaike Information Criterion (AIC). Two types of aggregation of flux data were explored: midday average and daily average fluxes. The vapor pressure deficit (VPD) was used to separate the growing season into two phases, a wet and a dry phase, which were considered separately in the modelling process, in addition to the growing season as a whole. The results showed that NDVI is the best predictor of GPP and NEE during the wet phase, whereas water-related vegetation indices, namely LSWI and MNDWI, were the best predictors during the dry phase, both for midday and daily aggregates. Model 1 (linear relationship) was found to be the best in many cases. The best regression equations obtained were used to map GPP and NEE for the whole study area. Digital maps obtained can practically contribute, in a cost-effective way to the management of karst grasslands.
Introduction
Grasslands are among the most widespread vegetation types worldwide, covering between 14% and 26% of the earth's surface [1, 2] . They play an important role in the carbon (C) cycle, as they store Grasslands in the Slovenian Karst represent an important resource, as they are one of the first colonizers of shallow soils found in the area. In addition, they are important biodiversity hotspots, are used as extensive pastures by local populations, and contribute to sequestering C in soils [32] . With climate change, more uncertainty could arise regarding the provision of the aforementioned ecosystem goods and services. Thus, thematic digital maps reporting GPP and NEE estimates in the region might provide short-term information on the ecosystem's response to climate in an easy, cost-efficient way, with advantages for stakeholders engaged in grasslands productivity and sustainability.
The objective of this study was to estimate NEE and GPP for a karst grassland in the Podgorski Kras plateau (Slovenia) by combining both EC and satellite data in order to provide a basis for large-scale monitoring of the C balance in the grasslands of this region. To that end, we aimed to:
(i) Evaluate the ability of different VIs retrieved from remote sensing platforms to represent GPP and NEE trends in a karst grassland; (ii) Compare the performance of different models, integrating VIs in the estimation of GPP and NEE; (iii) Apply obtained results to map NEE and GPP for the grassland area in the Podgorski Kras Plateau comparing the suitability of different remote platforms.
Materials and Methods

Study Area
The present study was conducted in the Podgorski Kras plateau located in the sub-mediterranean region of south-west Slovenia (longitude 13 • 55'27.714"E; latitude 45 • 33'2.858"N). The area has undergone major human influences due to its position at the transition between the Mediterranean and central Europe. In fact, agricultural practices such as overgrazing in the past centuries led to pronounced destruction of the vegetation cover, causing severe soil erosion and resulting into a stony and bare landscape. However, thanks to the economic development causing the near-abandonment of agriculture practices in the area, a succession is taking place and different vegetation types, ranging from grasslands to secondary oak forests, are now present [33] .
The bedrock is mainly composed of limestone from Paleocene and Eocene [34] . The chemical weathering known as karst phenomena led to the formation of Leptosols and Cambisols, which represent insoluble fractions of carbonates. As a result, the soil is superficial, with depths ranging from 0 cm to several decimeters in soil pockets between rocks. The organic matter represents about 12-15% of the topsoil [33] .
The climate is often referred to as sub-Mediterranean, with a mean annual temperature of 10.5 • C, a mean daily temperature of 1.8 • C and 19.9 • C in January and June respectively, and an average annual precipitation around 1370 mm. Climate statistics represent 30 years' average of four meteorological stations in the region [35] . Winters are windy (Bora wind), with periodic snow cover. The growing season ranges from March or April to October [33] .
The present study considered a homogenous grassland (Figure 1 ), where only herbaceous species were present with the exception of few shrubs. The most abundant species were Bromopsis erecta (Huds.) Fourr., Carex humilis Leyss., Stipa eriocaulis Borb., Centaurea rupestris L., Potentilla tommasiniana F.W. Schultz, Anthyllis vulneraria L., Galium corrudifolium Vill. and Teucrium montanum L. 
Data Acquisition
Eddy Covariance and Meteorological Data
In order to monitor CO2 and H2O fluxes between the grassland and the atmosphere, an eddy covariance tower was installed as reported in Figure 1 in 2008 [36] , providing continuous measurements of NEE and water exchanges between the grassland and the atmosphere. The eddy covariance system consists of an open path infrared gas (CO2 and H2O) analyzer (LI-7500, Li-Cor, Lincoln, NE, USA) and a sonic anemometer (WindMaster 1590-PK, GILL, Hampshire, UK), installed at a height of 2 m. Flux data were recorded at 10 Hz and then averaged half-hourly, for an estimated footprint of 195m using the model after [37] . The applied methodology for preparing the flux data was based on the Euroflux protocol [38] with the Webb Pearman Leuning correction [39] and method 4 of Burba correction [40] . All post processing elaborations and frequency response corrections have been performed using EdiRe Data software [41] , and quality assessment and quality check analysis (QA/QC) were conducted according to [42] . The weather station provides measurements of environmental variables such as soil temperature and soil water content, both at a depth of 10 cm, incoming short-wave radiation (Rg), air temperature (Tair), humidity, soil heat flux and precipitation (P). All these measurements were taken at 0.1 Hz and then averaged at half-hour time step [36] . Since PAR can be estimated as a constant fraction of shortwave radiation [43] , in this study, we adopted Rg values instead of PAR.
Tair and Rg data were gap-filled based on data from a nearby meteorological station in Koper (at a distance of 15 km from the tower). NEE data were partitioned into GPP and Reco according to [44] using daytime data-based estimates, considering temperature sensitivity of respiration and VPD limitation of GPP.
Spectral Vegetation Indices
In this study, two sources of remotely-sensed data were considered. The 300 m resolution NDVI data, consisting of 10 days aggregates of NDVI, provided by the Proba-V platform (NDVIPV) and 
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Tair and Rg data were gap-filled based on data from a nearby meteorological station in Koper (at a distance of 15 km from the tower). NEE data were partitioned into GPP and R eco according to [44] using daytime data-based estimates, considering temperature sensitivity of respiration and VPD limitation of GPP.
Spectral Vegetation Indices
In this study, two sources of remotely-sensed data were considered. The 300 m resolution NDVI data, consisting of 10 days aggregates of NDVI, provided by the Proba-V platform (NDVI PV ) and available for the whole world since 2014 were downloaded from Copernicus global land service portal [45] . Landsat 8 operational land imager (OLI) images (30 m resolution) were downloaded from the portal of the United States Geological survey [46] for the growing season (March to October) from 2014 to 2017. Landsat 8 images have a temporal resolution of 16 days. However, cloud cover rendered most of them useless [47, 48] for our study. Selected images included only available images with no or insignificant cloud cover in the footprint of the tower. Contrarily to NDVI PV data, Landsat images represent single date images. The Table 1 presents the different bands of Landsat 8 and those of Proba-V satellite. [49] . In this study however, we conducted the preprocessing from raw images. Once downloaded, the Landsat images underwent a radiometric calibration to convert radiance values to top of atmosphere reflectance, followed by an atmospheric correction through dark object subtraction in order to remove atmospheric components such as scattering and absorption of solar energy in the atmosphere, and to obtain top of canopy reflectance [50] . The image processing was conducted with the ENVI 5.1 software.
The corrected images were used to compute the different vegetation indices (Table 2 , except NDVI PV ). An average value for each index was computed for the pixels in the footprint of the tower (Figure 1 ) using the Raster package in R software [51] . Table 2 . Vegetation indices adopted for this study.
Satellite
Index Formula Reference
L is a constant dependent on the vegetation cover and takes values from 0 (for very green vegetation) to 1 (areas with no green vegetation), assumed 0.5 here, b 1 to b 6 represent band numbers defined in Table 1 .
Despite the availability of flux data since 2008, only a timeframe of four years (2014-2017) was considered in order to match the timeframe of the remote sensing information available for this study. In total, for the growing seasons and excluding periods with large gaps of eddy covariance data, the number of NDVI PV and Landsat images used in the study were 70 and 39, respectively.
Data Analysis and Modelling
The general approach consisted of flux and environmental parameters aggregation, followed by regressions between aggregated fluxes and VIs. Two types of aggregation of flux data were considered. For the first data aggregation type, midday (between 11 a.m. and 4 p.m.) averages of half-hourly fluxes were calculated as in [9] . For the second type of aggregation, we calculated daily averages of half-hourly fluxes. For further analysis, midday and daily aggregated flux data were subsequently averaged over different time steps as follows: for NDVI PV data, aggregated flux data were averaged over 10 days period to match temporal aggregation provided by Proba-V. For VIs derived from Landsat 8 images, midday and daily flux data were averaged over 5 days (acquisition date plus 4 days prior to this date), since a preliminary test showed a better correlation if aggregated fluxes were considered instead of the overpass day only.
Three types of model linking VIs and EC data were tested in this study after [19] :
(i) Model 1 assuming a direct linear relationship between GPP or NEE and a vegetation index
where NEE is the net ecosystem exchange, GPP is the gross primary production, VI is a vegetation index, a and b are regression constants.
(ii) Model 2 assuming a direct linear relationship between GPP and the product of a VI and incoming PAR or Rg in this study GPP = a*(VI*Rg) + b,
where GPP is the gross primary production, VI is a vegetation index, Rg is the short-wave radiation, a and b are regression constants.
(iii) Model 3, a simplified LUE model, in which the LUE term is considered a constant (integrated in the model) and APAR is obtained by multiplying the fraction of absorbed photosynthetically active radiation (fAPAR), estimated as a linear function of a VI, by PAR (replaced by Rg in this study). By this approach, LUE and fAPAR estimates are conceptually independent.
where GPP is the gross primary production, LUE is the light use efficiency, VI is a vegetation index, Rg is the short-wave radiation, a and b are regression constants.
All three models were implemented for the entire growing season (single) or splitting the growing season in two phases (wet and dry). When stressed by low soil water content (SWC) or high vapor pressure deficit (VPD), plants close stomata, reducing transpiration and photosynthesis [10, 57, 58] . Therefore, SWC and VPD could be used as proxies for water stress. Based on our measurements, evapotranspiration was more sensitive to an increase in VPD than a decrease in SWC and a threshold value of 1500 Pa was considered to separate the wet phase from the dry phase of the growing season. A VPD value of 1500 Pa was also reported to be the optimal VPD for stomatal conductance in grasslands [59, 60] . Above this value, plant activity would reduce progressively. We therefore defined the wet phase as the period of the growing season with midday average VPD less than or equal to 1500 Pa, and the dry phase as the period of the growing season with midday average VPD greater than 1500 Pa (June-August). The equation 3 was applied to each phase, assuming a constant LUE within the phase.
In order to compare the performance of the different vegetation indices as proxies of carbon fluxes in the different regressions, three accuracy metrics were computed, namely the coefficient of determination (R 2 ), the Root Mean Square Error (RMSE) and the Akaike Information Criterion (AIC). Additionally, in order to validate our models, we applied a bootstrap simulation with 1000 iterations to obtain the mean coefficient of determination (R 2 boot ) with a 95% confidence interval for each regression [61] [62] [63] . The best models are the ones with a high value of R 2 and a low value of RMSE and AIC.
Applying the best selected models, estimates of GPP and NEE per growing season were computed based on NDVI PV data for years 2014 to 2017.
All analyses were done using the R software, version 3.4.4 [51] .
Mapping of Carbon Fluxes
The selected models were then used to create illustrative GPP and NEE maps of the study area for two dates, as example of a wet and dry period. Image algebra was performed on a vegetation index layer based on the expression of each model. The maps were created using the ArcGIS 10.4.1 software. The resulting GPP and NEE represent average fluxes of 5 or 10 days, if estimated from Landsat derived VIs or NDVI PV respectively.
Results
Carbon Fluxes and Environmental Variables Measured by the EC Tower
Fluxes (NEE, GPP, R eco ) and main meteorological variables (VPD, Tair, Rg and P) are reported for the whole study period (2014-2017) in Figure 2 . Large gaps due to power problems are noticeable for flux data. Tair and Rg show no gaps because they were gap-filled using data from a nearby meteorological station in Koper.
Vegetation Indices
The temporal trends of the considered spectral vegetation indices are reported in Figure 3 . All the vegetation indices that represent vegetation greenness (NDVI, EVI, SAVI and GNDVI) have quite similar trends. In addition, NDVI from the two different sources (Landsat and Proba-V) match quite well, with the difference that NDVI PV has slightly higher values than NDVI. All the vegetation indices increase from the beginning of the growing season, to reach a peak around end of May or beginning of June. After that, they start decreasing slowly for about 3 months. Around September, there is again a slight increase in the vegetation index. This last increase is better seen with NDVI PV especially in years 2016 and 2017.
Similar patterns in fluxes were visible every year: GPP shows some seasonality and has two peaks during the growing season, a high peak around end of May-beginning of June and a low peak in October. In between the two peaks, there is a period of low C uptake (lower GPP) values in July and August. Similar trends were visible in NEE and R eco . In fact, a strong correlation was observed between NEE and GPP during the growing season, both for midday and daily averages (r = 0.96 and 0.89 respectively).
The maximum values of VPD and Tair match the low GPP period. Rg, however, reaches its yearly peak earlier than VPD and Tair, somewhere between May and June. Precipitation data shows no real pattern of seasonality, as the distribution over the year seems quite random. However, less precipitation was observed in July and August in years 2016 and 2017. 
The temporal trends of the considered spectral vegetation indices are reported in Figure 3 . All the vegetation indices that represent vegetation greenness (NDVI, EVI, SAVI and GNDVI) have quite similar trends. In addition, NDVI from the two different sources (Landsat and Proba-V) match quite well, with the difference that NDVIPV has slightly higher values than NDVI. All the vegetation indices increase from the beginning of the growing season, to reach a peak around end of May or beginning of June. After that, they start decreasing slowly for about 3 months. Around September, there is again a slight increase in the vegetation index. This last increase is better seen with NDVIPV especially in years 2016 and 2017. Table 2 ). Different symbols represent different years.
Similar patterns in fluxes were visible every year: GPP shows some seasonality and has two peaks during the growing season, a high peak around end of May-beginning of June and a low peak in October. In between the two peaks, there is a period of low C uptake (lower GPP) values in July and August. Similar trends were visible in NEE and Reco. In fact, a strong correlation was observed between NEE and GPP during the growing season, both for midday and daily averages (r = 0.96 and 0.89 respectively).
The maximum values of VPD and Tair match the low GPP period. Rg, however, reaches its yearly peak earlier than VPD and Tair, somewhere between May and June. Precipitation data shows no real pattern of seasonality, as the distribution over the year seems quite random. However, less precipitation was observed in July and August in years 2016 and 2017.
The year 2016 shows an unusual trend, with a very low value recorded for some vegetation indices in August, due to a fire that occurred at that period. This unexpected disturbance was visible in GNDVI, NDVI, EVI, SAVI, LSWI and MNDWI, but less visible in NDVIPV and NDSVI. Table 2 ). Different symbols represent different years.
The year 2016 shows an unusual trend, with a very low value recorded for some vegetation indices in August, due to a fire that occurred at that period. This unexpected disturbance was visible in GNDVI, NDVI, EVI, SAVI, LSWI and MNDWI, but less visible in NDVI PV and NDSVI.
LSWI is a water-related vegetation index, but it has a trend that is similar to the greenness-related vegetation indices. NDSVI, which is also a water-related vegetation index, does not decrease during June, July and August as MNDWI. On the correlation charts, only separate fit lines are shown (wet and dry phases) in order not to make the graphs overloaded (left bottom of the matrix). However, correlation coefficients were computed also for the whole season (values in black in the matrix). Low correlation coefficients were obtained for the whole season whereas the consideration of the two separate phases in the growing season resulted in higher correlation coefficients.
Correlation Charts of Fluxes and Vegetation Indices
All the greenness-related VIs (NDVI PV , NDVI, EVI, SAVI and GNDVI) and LSWI gave higher correlation coefficients with GPP and midday NEE in the wet phase compared to the dry phase. In contrast, for daily NEE aggregates, the VIs, except GNDVI, gave a better correlation coefficient during the dry phase. MNDWI gave high correlation coefficients during the dry phase for GPP and NEE, both for midday and daily aggregates. NDSVI gave better correlation coefficients during the wet phase than the dry phase for GPP and NEE with both aggregates, but generally lower than correlation coefficients observed with other VIs.
Comparison of the Different Models
Values of accuracy metrics for the three models and for midday average fluxes are reported in Table 3 . Similarly, Table 4 shows accuracy metrics for daily average fluxes. The values of these two tables directly reflect trends and correlation coefficients previously presented in Figure 4 . No exceptions were found in our study, as high values of R 2 corresponded always to low values of RMSE and AIC.
The best model for the entire growing season considering Landsat VIs was always obtained with LSWI for NEE and EVI for GPP in a direct correlation (model 1), either with midday or daily average fluxes. In contrast, NDVI PV gave lower R 2 values in all models and for both aggregations of flux data (midday and daily) when the whole growing season was considered.
Overall, separate fits gave higher R 2 and lower RMSE for all models than considering the whole growing season. For the wet phase, NDVI was the best predictor of midday aggregates for both GPP and NEE with all three model types. For daily aggregates, NDVI was the best vegetation index only in models 2 and 3 whereas in model 1, LSWI and GNDVI were the best vegetation indices for NEE and GPP respectively. For the dry phase, MNDWI was the best predictor of midday aggregates of GPP and NEE with all three model types. For daily aggregates, MNDWI was the best VI except in model 2 and model 1 with NEE, where LSWI gave the highest R 2 .
Midday fluxes gave higher R 2 than daily fluxes during the wet phase for the model 1 (direct correlation carbon fluxes-VIs). However, during the dry phase (all models) and also the wet phase with models including PAR or Rg (2 and 3), daily fluxes gave higher R 2 than midday fluxes.
The bootstrapped R 2 boot values were very similar to the R 2 values, with very narrow 95% confidence intervals. The only time where the best results differ between R 2 and R 2 boot was for midday estimate of NEE, which seems to be the best with MNDWI when considering R 2 and LSWI if R 2 boot were considered instead. Based on these accuracy metrics, the best regression models are presented in Table 5 , according to the two aggregates (midday and daily), sources of vegetation indices (Landsat and Proba-V) and fluxes (GPP and NEE) for the two phases of the growing season. Direct correlation (model type 1) was found to be the best option for midday average fluxes, except for the estimation of GPP with NDVI PV during the wet phase, where the model type 2 was the best. For daily averages, however, the model type 1 performed better with NEE whereas model types 2 and 3 were the best for GPP. In Table 3 , for Landsat VIs, the best regression results for each model are highlighted in bold for the whole growing season (single) and for wet and dry periods. For Proba-V, the best regressions from all 3 models for NEE and GPP are highlighted for single, wet and dry. In Table 4 , for Landsat VIs, the best regression results for each model are highlighted in bold for the whole growing season (single) and for wet and dry periods. For Proba-V, the best regressions from all 3 models for NEE and GPP are highlighted for single, wet and dry. During the wet phase, the best models obtained for GPP gave higher coefficients of determination (R 2 ) compared to those obtained with NEE. The opposite was observed for the dry phase.
Based on the best models reported in Table 5 , the Table 6 gives midday and daily estimates of GPP and NEE from NDVI PV data for the growing season (March to October) of the years 2014 to 2017. Average flux estimates of the four years are −711 g C m −2 growing season −1 and −199 g C m −2 growing season −1 for GPP and NEE respectively. Figure 5 shows a map of GPP and NEE for the whole study area, computed based on the equations in Table 5 Figure 6 shows estimated average of NEE and GPP for the periods 2 July 2017 to 6 July 2017 for Landsat and 1 July 2017 to 10 July 2017 for Proba-V. The dates were chosen to show an example for both wet and dry phases.
During the wet phase ( Figure 5 ), GPP or NEE estimated from the two different sources of vegetation indices have similar spatial distributions in spite of their different spatial resolution. In the case of midday average fluxes, NEE and GPP seem to have the same distribution with differences only in their values. This is a consequence of the very good linear relationship that was found between midday GPP and NEE in our study. Daily fluxes, however, show more difference between NEE and GPP, as the correlation observed was not as good as that of midday fluxes.
During the dry phase (Figure 6 ), the spatial distribution of fluxes is quite different between flux estimates from the two sources of VI (Landsat and Proba-V), with the exception of estimates of daily aggregates of NEE, where the estimate from NDVI PV appears like a generalization of the estimate from LSWI.
A difference can be noticed between the wet and the dry phases: GPP estimates are very low during the dry phase, and the carbon balance (NEE estimates) became positive in some parts of the study area. (Table 5 ). The remark "_24" is used to distinguish daily from midday average fluxes. Figure 6 . Maps of average midday and daily GPP and NEE estimates for the periods 2 July 2017 to 6 July 2017 (for Landsat) and 01 July 2017 to 10 July 2017 (for Proba-V), using the best models obtained for the dry phase ( Table 5 ). The remark "_24" is used to distinguish daily from midday average fluxes.
Discussion
In our study, the low C uptake observed during the period June to August with high VPD and Tair, and relatively lower precipitation confirmed that summer water stress is a major constraint in C sequestration for grasslands in the karst region characterized by shallow soils [36] . Regression (Table 5 ). The remark "_24" is used to distinguish daily from midday average fluxes. (Table 5 ). The remark "_24" is used to distinguish daily from midday average fluxes. Figure 6 . Maps of average midday and daily GPP and NEE estimates for the periods 2 July 2017 to 6 July 2017 (for Landsat) and 01 July 2017 to 10 July 2017 (for Proba-V), using the best models obtained for the dry phase ( Table 5 ). The remark "_24" is used to distinguish daily from midday average fluxes.
In our study, the low C uptake observed during the period June to August with high VPD and Tair, and relatively lower precipitation confirmed that summer water stress is a major constraint in C sequestration for grasslands in the karst region characterized by shallow soils [36] . Regression Figure 6 . Maps of average midday and daily GPP and NEE estimates for the periods 2 July 2017 to 6 July 2017 (for Landsat) and 1 July 2017 to 10 July 2017 (for Proba-V), using the best models obtained for the dry phase ( Table 5 ). The remark "_24" is used to distinguish daily from midday average fluxes.
In our study, the low C uptake observed during the period June to August with high VPD and Tair, and relatively lower precipitation confirmed that summer water stress is a major constraint in C sequestration for grasslands in the karst region characterized by shallow soils [36] . Regression models obtained demonstrated the ability of spectral vegetation indices to represent the impact of climate constraints on both NEE and GPP.
Performance of the Different Vegetation Indices
Overall, NDVI was the best predictor for the estimation of NEE and GPP during the wet phase of the growing season, reinforcing the conclusion of previous studies that NDVI is a suitable index for depicting photosynthetic C assimilation [9, 64, 65] . In addition, the best results obtained with NDVI instead of EVI or GNDVI suggest that the frequently reported issue of NDVI saturation was not observed in our study. Indeed, NDVI values observed are below the threshold of 0.8 reported for grasslands above which saturation has been observed [66, 67] . On the other hand, the fact that greenness related vegetation indices were less performant when the entire growing season was considered is probably due to the influence of increased VPD on GPP and tissue water content in the karst grassland addressed by our study, during the dry phase. In fact, LSWI and MNDWI proved to be ideal for estimating fluxes during the dry period, confirming the fact that water-related vegetation indices are the best indicators of photosynthetic activity during dry periods, as they are more sensitive to water availability than the other vegetation indices [23] . NDSVI, which is also a water-related vegetation index, did not give as good results for the dry phase as LSWI and MNDWI. Other studies reported the low performance of NDSVI in depicting non-photosynthetic vegetation in a semi-arid grassland and a cropland [68, 69] , which is confirmed by the low performance observed in our study.
The two sources of vegetation indices (Landsat and Proba-V) could not really be compared, given that Landsat images were single date images whereas NDVI PV are 10 days composite data. In addition, the difference in the time step of aggregation of fluxes (10 days for NDVI PV and 5 days for Landsat vegetation indices) makes a comparison inappropriate. However, it should be noted that the highest correlation coefficient obtained with NDVI PV is generally lower than the one obtained with Landsat vegetation indices. This is probably due to the greater variability in fluxes and NDVI PV within the aggregation timeframe of the NDVI PV data (10 days).
The similarity in the correlation observed for most of the VIs with GPP and NEE is probably the consequence of the good relationship observed between the two variables, which often occurs when the analysis is focused on the growing season [29] [30] [31] .
Despite the fire event that occurred in August 2016, we did not notice any outliers corresponding to that period in our regressions. This might be explained by the occurrence of the fire event towards the end of the dry phase, and the grasses recovered during the second part of the wet phase in September. Indeed, grasslands are known to recover quickly following a fire event [70] .
Performance of the Different Models
In agreement with recent evidence [9, 17] , we observed an increase of model fitness when data were split into a dry and a wet phase, in contrast with the general agreement that LUE can be considered constant in grasslands along the whole growing season. Recent studies addressed this problem by attempting independent LUE estimations from the PRI and SIF [19, 24] . Other models constrain LUE by decreasing a maximum value (LUE max ) with meteorological variables (scalars) [11] . In the present study, good results have been achieved by splitting the growing season into a wet and dry phases, reducing model input and further calculations.
The higher correlation coefficients observed between VIs and midday average fluxes compared to daily average fluxes during the wet phase could be due to the fact that most C uptake occur around midday during that phase of the growing season. During the dry phase however, depending on daily environmental conditions, there can be more variation in the midday average fluxes compared to daily averages. Hence during dry periods, daily averages showed more robust and higher correlations with VIs than midday averages. Overall, despite the differences observed, daily estimates were robust enough in our study to suggest their use instead of midday average flux estimates, being more representative of the total productivity of the ecosystem.
The validation of the models using the bootstrapping resampling method confirmed the assessment made with the regular accuracy metrics. The narrow 95% confidence intervals obtained for the R 2 boot reflects the low variability of the coefficient of determination obtained from the different bootstrapping samples.
From our carbon flux estimates, we could deduce that during the growing season, midday GPP represents over half of the whole day fluxes. NEE values are negative, which means that at least during the growing season, the grassland of our study area acts as a carbon sink. To our knowledge, there are no studies that estimated carbon fluxes in a karst grassland. However, the average GPP and NEE of −711 and −199 g C m −2 per growing season respectively are in range with estimates, of −867 and −132 g C m −2 per season respectively for GPP and NEE, obtained by [71] in a Mediterranean grassland.
GPP and NEE Maps
The use of regression models in our study for mapping GPP or NEE helped to appreciate the spatial variations in C uptake and C sequestration in a homogeneous area and estimate the contribution of grasslands. However, the spatial variability in C fluxes depended on the spatial variability of the vegetation indices. The obtained models should therefore be used only in homogenous environmental conditions.
Carbon fluxes maps obtained from NDVI PV appeared as a generalization of that obtained from Landsat derived VIs, which reflects the different spatial resolution of data from the two platforms. This suggests the possibility to rely on NDVI PV data for its availability, especially when a continuous estimation of carbon fluxes is needed over a certain period of time.
During drought periods, an ecosystem can quickly shift from carbon sink to source [72] . The difference observed in the maps of NEE between the wet and the dry phases illustrates this fact, since NEE values became positive during the dry phase, demonstrating the importance of comparing maps of the same area over time.
Conclusions
The main outcome of this study is an optimized model based on vegetation indices for estimating GPP (and NEE) in a karst grassland. Our results confirmed similar predicting power of NDVI and other VIs, even though greenness-related and water-related VIs were more adequate for the wet and the dry phases of the growing season, respectively. Finally, we demonstrated the usefulness of digital maps for an easy assessment and comparison of the spatial and temporal trends in the fluxes in the study area with possible practical application for local stakeholders. 
